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Abstract: Oil spills pose a significant threat to the marine ecological environment. The intelligent
interpretation of synthetic aperture radar (SAR) remote sensing images serves as a crucial approach
to marine oil spill detection, offering the potential for real-time, continuous, and accurate monitoring.
This study makes valuable contributions to the field of marine oil spill detection based on low-quality
SAR images, focusing on the following key aspects: (1) We thoroughly analyze the Deep SAR Oil Spill
dataset, known as the SOS dataset, a prominent resource in the domain of marine oil spill detection
from low-quality SAR images, and rectify identified issues to ensure its reliability. (2) By identifying
and rectifying errors in the original literature that presented the SOS dataset, and reproducing the
experiments to provide accurate results, benchmark performance metrics for marine oil spill detection
with low-quality SAR remote sensing images are established. (3) We propose three progressive deep
learning-based marine oil spill detection methods (a direct detection method based on Transformer
and UNet, a detection method based on FFDNet and TransUNet with denoising before detection, and
a detection method based on integrated multi-model learning) and the performance advantages of
the proposed methods are verified by comparing them with semantic segmentation models such as
UNet, SegNet, and DeepLabV3+. (4) We introduce a feasible, highly robust and easily scalable system
architecture approach that effectively addresses practical engineering applications. This paper is an
important addition to the research on marine oil spill detection from low-quality SAR images, and the
proposed experimental method and performance details can provide a reference for related research.

Keywords: marine oil spill detection; synthetic aperture radar; low-quality image interpretation;
TransUNet; FFDNet; model ensemble

1. Introduction

The ocean provides ecosystem services that play a pivotal role in human society [1].
The ocean is an important source of food, energy, and minerals, and it is also the primary
medium through which global trade occurs. Approximately 40% of the world’s population
lives in coastal areas, three quarters of the world’s major cities are located in coastal areas,
and coastal waters and areas are home to most of the world’s tourism and recreational
activities [2]. The oceans provide much of the oxygen that humans breathe and playa a
controlling and regulating role in weather and climate. Hundreds of millions of people
depend directly on the ocean for their food and livelihoods. Traditional industries such as
shipping, capture fisheries, tourism, and marine recreation continue to thrive, and now,
large-scale economic activities related to the development of offshore oil and gas, the use of
marine renewable energy, and aquaculture-based food production are also flourishing [3].
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However, as human exploitation of the oceans becomes more frequent, the marine envi-
ronment is subjected to a complex set of pressures that arise mainly from overexploitation,
pollution, biodiversity decline, and climate change [4,5]. Almost all countries around the
globe are aware of the importance of protecting the marine environment and are making
continuous efforts to do so. Ocean observations, measurements, and forecasts support
national and international legislation related to the regulation of ocean use and protection
of the marine environment with scientific data [6]. Much of the economic activity associ-
ated with the ocean would not be possible without the data, information, and knowledge
from continuous ocean observations, measurements, and forecasts that underpin safe and
cost-effective ocean and marine activities. In addition, continuous ocean observations
provide a basis for monitoring regulatory compliance and effectiveness, and play a key role
in supporting the valuation of natural assets and ecosystem services [7].

Marine oil spill detection is one of the most important ocean observation tasks. Oil spills at
sea are mainly caused by human activity failure, equipment failure at sea, and natural disasters,
among other situations. Oil spills are very harmful to birds, sea turtles, fish, and shellfish,
and pollution causes not only immediate damage, but also ongoing problems [8]. The crude
oil spill accident caused by the collision of Chinese and Korean vessels in December 2007 [9];
the Montara oil spill incident in Australia in November 2009 [10]; the explosion of the
Deepwater Horizon drilling rig in the U.S. Gulf of Mexico in April 2010 [11]; the oil
pipeline explosion in Dalian, China, in July 2010 [12]; the oil spill accident in the Penglai
oil field in the Bohai Sea in June 2011 [13]; the collision of vessels in the East China Sea
in January 2018, resulting in condensate spill [14]; the crude oil spill caused by a ship
collision in the southeastern waters of Qingdao Chaolian Island, China, in 2021 [15]; and
a series of other large marine oil spills have caused huge economic losses and prolonged
ecological damage [16]. Oil spills on the sea surface spread rapidly with the wind and
seawater movement, and the oil slick will become thinner and thinner, while the coverage
will become wider and wider, causing more and more harm. In addition, due to the limited
self-purification ability of the ocean, leaving an oil spill untreated will cause a major disaster
that is difficult to recover. Therefore, after the occurrence of a marine oil spill, the oil spill
must be detected accurately and quickly, and corresponding measures must be formulated
according to the detection results, which is not only an important measure to minimize
loss, but is also of great significance to marine environmental protection and ecological
resource development [17].

Given the complexity and variability of the marine environment, oil spill detection
was once difficult to implement. The development of sensor technology in recent years has
made it technically feasible to detect the occurrence of oil spills in real time on a large scale,
continuously observe and calculate the range of oil spills, and estimate the direction of oil
spill drift. At present, the main means of oil spill detection on the sea surface are unmanned
aerial vehicle detection and remote sensing detection. Among the many remote sensing
sensors, synthetic aperture radar (SAR) has the characteristics of all-weather and all-day
operation and supports valuable information about the location and size of a specific oil
spill at moderate wind speeds, making it extremely suitable for oil spill detection tasks,
unlike drone monitoring and optical remote sensing monitoring techniques, which are
less effective in coping with monitoring tasks at night and under special meteorological
environments [18,19]. By determining the extent of the oil spill area through the analysis of
SAR images, mathematical modeling tools [20-23] can be assisted to enable the prediction
and correction of the evolution of the oil slick, providing a database for further research on
measures to minimize the negative impacts. However, due to the characteristics of SAR
imaging technology itself and external interference, a series of bright spots and spikes will
be formed on the image, which seriously affects the visualization and readability of the
image and increases the overall difficulty of the oil spill detection task.

At present, there are three main research directions for the research of marine oil
spill detection methods based on SAR remote sensing images [24], which are traditional
threshold segmentation, machine learning methods, and deep learning methods. The first
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two methods mostly rely on threshold settings or model hyperparameter settings, which

have a large degree of subjectivity and uncertainty, resulting in low oil spill detection

accuracy and weak generalization ability. Deep learning methods [25] are the main research
direction at present and have inspired many scholars to carry out research on deep neural
networks for oil spill detection in recent years. Zhu [26] designed the Deep SAR Oil

Spill (SOS) dataset based on SAR remote sensing images of oil spill areas in the Gulf

of Mexico in 2010 and the Persian Gulf in 2017, and proposed an oil spill contextual and

boundary-supervised detection network (CBD-Net) to extract fine oil spill regions by fusing

multi-scale features. Prajapati [27] effectively discriminated the scattering behavior from a

coherence matrix using logarithmic transformation and analyzed the proposed coherence

matrix by analyzing the entropy, anisotropy, and mean scattering angle on a clean sea
surface and four different categories of oil spill (i.e., heavy oil sediment, thick oil, oil-water
emulsion, and fresh oil). Wang [28] proposed an improved deep learning model, BO-DRNet,
based on DeepLabV3+, trying to solve the problems of small perceptual fields and fixed

model hyperparameters due to the loss of model depth and target information. Ma [29]

proposed an intelligent oil spill detection architecture based on deep convolutional neural

networks (DCNNSs), which utilizes image amplitude information and phase information to

better capture the fine details of oil spill instances and enable fine segmentation. Yekeen [30]

developed a novel deep learning oil spill detection model using the Mask R-CNN model of

a computer vision instance segmentation convolutional neural network, using ResNet101

as the backbone network, combined with a feature pyramid network architecture for feature

extraction. Bianchi [31] proposed a deep learning image segmentation neural network
model for large-scale oil spill detection and attempted to classify each oil spill region
according to its different classes of shape and texture features.

Through the efforts of domestic and foreign scholars, the problems of missing oil spill
detection datasets and the insufficient accuracy of detection models have been improved
to some extent, but there are still more problems that require continued in-depth research,
especially in the field of marine oil spill detection from low-quality SAR remote sensing
images, mainly including:

1.  An oil film on the ocean surface of an oil spill area usually presents extremely
irregular shapes with complex and variable boundaries, and the designs of existing
neural network methods do not include networks for oil spills with extremely
irregular shapes;

2. SARimage noise is multiplicative noise, and the conventional denoising methods will
cause the oil spill boundary to be blurred and reduce the segmentation effect;

3. The method of relying on the convolution operator to extract local area features will
result in an inability to obtain the global background of the image and the loss of
contextual information, which is crucial for oil spill detection.

In this study, we corrected the errors in the SOS dataset and its original experiments
to improve the research base in the field of marine oil spill detection from low-quality SAR
remote sensing images, and in-depth studies based on deep learning were conducted: A
TransUNet deep learning network was used to learn the features of the oil spill area, a SAR
image denoising method was investigated, and a collaborative approach with multiple
classifiers was used to further optimize the recognition effect. The performance of our
model was substantially improved over the benchmark models. The rest of this paper
is organized as follows. Section 2 describes the studied SOS dataset, provides a detailed
analysis of its problems, and corrects the dataset. Section 3 presents the TransUNet-based
oil spill detection network model. Section 4 presents a deep learning model based on
FFDNet and TransUNet, first for denoising, and then, for detection. Section 5 proposes
a mechanism for multi-model collaboration and a corresponding system architecture
approach. Section 6 presents the experiments, and compares and analyzes the models
proposed in this paper, and semantic segmentation models such as UNet [32], Seg-
Net [33], and DeepLabV3+ [34], on two sub-datasets of the SOS dataset. Section 7
presents our conclusions and a discussion.
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2. Dataset and Analysis

Marine oil spill detection is important, but relevant public data sets are scarce, and thus,
there is a lack of relatively uniform benchmarks to evaluate and compare detection methods.
The SOS dataset is an oil spill detection dataset proposed by Zhu [26,35] in 2021, which
employs various image enhancement methods on the original dataset to simulate imaging
under different conditions and scales, which greatly increases the difficulty of accurate
identification. This dataset is used in the research field of marine oil spill detection from
low-quality SAR remote sensing images, which requires high robustness of the detection
model. The SOS dataset was made by cropping, rotating, and adding noise to the original
21 SAR images, and includes a total of 8070 oil spill images measuring 256 x 256 pixels. It
is divided into two sub-datasets, the Palsar dataset and the Sentinel dataset, depending on
the oil spill area and the imaging satellite. The Palsar dataset originates from the oil spill
area in Mexico and is processed based on 14 ALOS satellite SAR images [36], consisting
of 3887 images, of which 3101 images comprise the training set and 776 images comprise
the test set. The Sentinel dataset originates from the oil spill area in the Persian Gulf and is
processed based on 7 Sentinel 1A satellite SAR sensor images [37], consisting of 4193 images,
of which 3354 images comprise the training set and 839 images comprise the test set. In this
paper, data characterization and methodological description are mainly performed using
the Palsar dataset, and the experimental results for the Sentinel dataset will be given in the
experimental analysis section. The composition of the SOS dataset and the corresponding
original remote sensing images are shown in Table 1.

Table 1. The composition of the SOS dataset.

Sub-Dataset Images Capture Date Latitude Longitude

ALPSRP230200560 21 May 2010 28.734° ~90.707°

ALPSRP231220540 28 May 2010 27.739° —87.821°

ALPSRP231220560 28 May 2010 28.728° —88.026°

ALPSRP231220580 28 May 2010 29.723° —88.229°

ALPSRP232970570 9 June 2010 29.224° —87.056°

ALPSRP232970580 9 June 2010 29.721° —87.155°

ALPSRS233043050 9 June 2010 28.389° —88.302°

Palsar dataset ALPSRP235450560 26 June 2010 28.728° —87.488°

ALPSRP237930550 13 July 2010 28.233° —87.926°

ALPSRP237930560 13 July 2010 28.728° —88.024°

ALPSRP238660500 18 July 2010 25.758° ~89.029°

ALPSRP238660550 18 July 2010 28.237° —89.535°

ALPSRS239753100 25 July 2010 25.719° —88.871°

ALPSRP241870520 9 August 2010 26.749° ~91.371°
IW_GRDH_1SDV_017782_01DCBB_DE28 5 August 2017 27.311° 50.597°
IW_GRDH_1SDV_017848_01DEC1_EC32 9 August 2017 28.495° 48.995°
IW_GRDH_1SDV_017848_01DEC1_C09A 9 August 2017 29.002° 48.660°
Sentinel dataset IW_GRDH_1SDV_017855_01DEF7_F48C 10 August 2017 29.439° 47.535°
IW_GRDH_1SDV_017884_01DFDS8_8F93 12 August 2017 27.014° 52.812°
IW_GRDH_1SDV_017884_01DFD8_6CAE 12 August 2017 25.505° 52.485°
IW_GRDH_1SDV_017921_01EOED DB39 14 August 2017 28.706° 46.893°

Due to the lack of variability and diversity in most existing oil spill datasets, the
SOS dataset was fitted with a large number of low-quality SAR remote sensing images
by artificially introducing several types of noise through image enhancement algorithms,
which basically simulated the effects of various unknown factors on the SAR signal. Since
the original images of the dataset are SAR images, they have multiplicative coherent speckle
noise by themselves, and after noise was introduced manually, the images contained
both multiplicative and additive noise. From the Palsar sub-dataset, we selected eight
representative images to illustrate this noise introduced manually, as shown in Figure 1,
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and selected several ground truth images (gt_images) to illustrate the labeling levels, as
shown in Figure 2.

(a)

(f) (8 (h)

Figure 1. Eight training images affected by different typical artificial noise, including (a) 10,777_sat.jpg,
(b) 11,019_satjpg, (c) 11,253 satjpg, (d) 12,037_satjpg, (e) 33,165_satjpg, (f) 33,261 _satjpg,
(g) 33,277_sat.jpg, (h) 33,291 _sat jpg in the training folder of the Palsar sub-dataset.

(d)

Figure 2. Examples of labels with quality issues in the SOS dataset: (a) 33,282_mask.png; (b) local
enlargement of 33,282_mask.png; (c) 33,259_mask.png; (d) local enlargement of 33,259_mask.png.

(b) (o)

From Figure 1, we can see that white noise is suspected to have been added to Figure 1a,
and some of the areas are slightly mean filtered [38]; all areas of Figure 1b are strongly
mean filtered, so the whole becomes very blurred; Figure 1c has moiré-like noise [39], and
the edges of the oil area are also blurred, which is also suspected to be mean filtered; it
is suspected that black pretzel noise has been added to Figure 1d, and in addition, by
comparing its analysis with that of Figure 1b, it can be found that they both come from the
same original image of the oil spill area, but the resolution is obviously different, so it can be
judged that the image enhancement algorithm used contains an image scaling processing
method; the grayscale of Figure le-h is significantly deepened; there are obvious bright
spots [40] in Figure le, obvious short bright stripes in Figure 1f, and less obvious long
bright stripes in Figure 1g; some areas in Figure 1h are mosaicked. In addition to the noise
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types described above, some of the images can be found to have undergone histogram
equalization by analyzing the image histograms.

Figure 2 contains four subfigures, which are the original images and local enlargements
of 33,282_mask.png and 33,259_mask.png. Through the analysis, it can be easily found that
there are problems with the quality of the gt_images in this dataset, mainly in two aspects:

1. There are anomalies in the edge classification of the gt_images, as shown in Figure 2a,c.
This problem leads to mislabeling, which affects the learning of features by the deep
learning network and severely affects the performance evaluation of the recogni-
tion model.

2. There are pixel values in the gt_images that are neither 0 nor 255, and these values
are mainly found at the edges of the oil region, as shown in Figure 2b,d. The oil spill
detection problem is a binary classification problem; thus, the specific class of pixels
between 0 and 255 cannot be determined.

The above two problems are widespread and seriously affect the labeling quality of
the whole dataset, which, in turn, affects the correctness and performance of the recognition
model. With high probability, it can be inferred that even manual classification by experts
will not yield high-level recognition results on this dataset. We have tried to correct the
label graph for the above problems, and we will publish the corrected SOS dataset in the
future, but for the sake of fairness, the subsequent algorithms in this paper are used on the
original SOS dataset.

In summary, complex noise was artificially added to the studied dataset, which makes
the problem more difficult and the demands on the algorithm more demanding. The
images in the training set and test set have various types of noise introduced via mean
filtering, including moiré, etc., in addition to their own SAR satellite coherent spot noise.
Whether this artificial processing method is reasonable is debatable, because SAR images
are calculated based on remote sensing signals and there should be no optical image noise
in the SAR images themselves. However, this processing does place higher demands on the
robustness of the recognition algorithm or model, and is an extremely interesting topic of
exploration in the research field of marine oil spill detection from low-quality SAR remote
sensing imagery, which is important for solving the problem of insufficient data sets in this
field. The recognition model obtained from the research on the basis of this dataset is more
robust and has broader application potential, and can be applied not only to SAR image
semantic segmentation but also to optical image semantic segmentation.

3. TransUNet-Based Oil Spill Detection Model

There are sufficient sample data in the dataset, which is supposedly adequate for the
research task. However, considering that there are more types of complex noise introduced
in Section 2, the number of samples involved in each noise case becomes smaller, and
thus, a network structure that can have stronger feature extraction capability needs to be
designed to accommodate the objective requirement of small-sample learning. All the
images in the dataset are noise-added images, and the original images and specific noise
classes are not given, so this research task cannot be considered a conventional semantic
segmentation task and image enhancement method. In recent years, Transformer [41] has
achieved excellent performance in the direction of computer vision, while instances of its
application to marine oil spill detection are still relatively scarce. Transformer’s attention
mechanism is able to capture long-range dependencies and contextual information in the
input sequence, and this paper attempts to utilize the attention mechanism to improve the
performance of oil spill detection in low-quality SAR remote sensing images. TransUNet
is a deep learning model for medical image segmentation, with excellent performance in
multi-organ segmentation and heart segmentation tasks [42]. We build a marine oil spill
detection model based on Transformer and UNet and on the network idea of TransUNet,
and explore the application method of Transformer in marine oil spill detection to enhance
the semantic segmentation capability of the traditional sequence-to-sequence encoding and
decoding network in this field.
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3.1. Architecture

The architecture of the proposed oil spill detection model is shown as Figure 3.
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Figure 3. The oil spill detection model: (a) the structure of the Transformer layer; (b) the overall
structure and computational flow of the Transformer block; (c) the architecture of the proposed
TransUNet-based oil spill detection model (adapted from [42]).

The oil spill remote sensing image is the input, denoted by x € RF*W*C where H x W
is the image resolution and C is the number of channels. The goal is pixel-level classification,
i.e., to generate a label map that corresponds to the input image on a pixel-by-pixel basis,
which has a size of H x W, and each pixel point represents a category. The proposed oil
spill detection model uses an encoder-decoder network structure. A hybrid model of a
convolutional neural network (CNN) [43,44] and Transformer [45,46] is used as the encoder.
The encoding process is carried out by first extracting the image features using the CNN,
and the extracted results are then encoded by a Transformer block. The Transformer block
is able to describe the interactions of different local regions in the image, so that the input
sequence has global contextual information, in order to enhance the oil spill region with
finer details by recovering local spatial information. The decoder upsamples the encoded
features, and then, combines them with a high-resolution CNN feature map to achieve
pixel-level pinpointing. The whole network structure can be considered as adding the

Transformer block to the encoder part of the UNet semantic partition network, as shown
in Figure 3c.

3.2. Transformer Block

The Transformer block contains a linear projection layer, 12 Transformer layers, and
a reshape layer. The overall structure and computational flow of the Transformer block
are shown in Figure 3b. The input x € RH*WxC jg reshaped into a sequence of flat-

tened 2D patches x;, € RN*(P*C) where (P, P) is the resolution of each image patch, and
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N = HW/ P? is the resulting number of patches. To be able to use the Transformer properly,
as in Equation (1), through a trainable linear projection, as shown in Figure 3b, the vector
patches x, are mapped to a potentially D-dimensional embedding space [47].

20 = [xJEx2E; - X)E] + Bpos, E € RVOD By ¢ RVFDXD (1)

where E is the patch embedding projection, and E,; is the position embedding.

Each Transformer layer consists of a multi-head self-attentive module and a multi-
layer perception module, and the output of the kth deformer layer can be obtained using
Equations (2) and (3). Figure 3a illustrates the structure of the Transformer layer.

2 = MSA(LN(2k_1)) + zk—1 2

2 = MLP(LN(Z;)) +z, 3)

where LN(-) denotes the layer normalization operation, MSA denotes the multi-head
self-attentive module, MLP denotes the multi-layer perception module, and z denotes
the encoded image representation. In the self-attentive mechanism, each element in the
input sequence interacts with other elements in the sequence to compute a contextual
representation of each element. The multi-head self-attentive mechanism adds to this
multiple independent attention heads, each with its own parameters, to allow the model
to compute attention in different representation spaces. In each head, the input vectors
are first divided into different dimensions; then, attention is computed in each subspace,
and finally the representations generated by all the heads are stitched together to form the
final contextual virtual representation. Our proposed method goes through the multi-head
self-attentive mechanism to capture different aspects of information in the input sequence
and process them in different representation spaces.

3.3. Loss Function

We use the sum of BCE loss and DICE loss as the loss function, as shown in Equation (4),
where BCE stands for Binary Cross-Entropy and DICE stands for Serensen—Dice coefficient.
BCE loss is usually used in binary classification problems [48], as shown in Equation (5).
DICE loss is defined as 1 minus the DICE similarity between the predicted and true
labels [49], which is often used in tasks such as image segmentation and medical image
processing to evaluate the similarity of the predicted segmentation results, as shown
in Equation (6).

Lioss = Lpce + Lpick 4)

1
N

1

N N
Lpice =1- (2 vigi + 1) / <2yi +Y 0+ 1> (6)
i-1 i-1 i=1

where y; is the true label of the ith sample, j; is the label predicted by the model of the ith
sample, and N is the number of samples.

The two loss functions are combined to more comprehensively assess the performance
of the model in classification and segmentation tasks. Specifically, the BCE loss function
measures classification performance by comparing the differences between the binary
classification results predicted by the model and the true labels, while the DICE loss
function measures the degree of overlap between the segmentation results predicted by
the model and the true segmentation results. By minimizing both the BCE and DICE
loss functions, the model can be made to better balance the performance of classification
and segmentation.

M=

Lpcg = [yilog(7:) + (1 —y;) log(1 — )] 5)

Il
—_
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Original Image

3.4. Experimental Environment and Control Model Selection

TensorFlow was chosen as the deep learning framework [50,51], and the proposed
model was trained on a Nvidia V100 GPU. The optimizer used Adam [52] with an initial
learning rate of 1 x 10~%. The performance of the proposed method is illustrated in
comparison with common remote sensing semantic segmentation models such as UNet,
SegNet, and DeepLabV3+, which are also trained using the same parameters and approach.
The batch size was set to 4 [53], and each model was trained for 100 iterations on the
entire training dataset. The oil spill detection model in Sections 4 and 5 also used the
experimental settings described above and will not be repeated subsequently. Also, to
avoid redundancy, the experimental results and comparative analyses are presented in
Sections 6.2 and 6.3. Compared with UNet, DeepLabV3+, and SegNet, our proposed model
has better performance, which also proves the feasibility of our research method.

4. Oil Spill Detection Model Based on TransUNet and FFDNet

In real situations, some remote sensing images may be affected by various factors,
such as atmosphere, clouds, fog, sunlight irradiation, sensor noise, etc. These factors can
lead to noise, distortion, and artifacts in the images. Therefore, in these cases, the denoising
of remote sensing images can reduce the influence of these interfering factors on semantic
segmentation, and thus, improve the accuracy of segmentation. Removing SAR coherent
spots is a challenge because of SAR’s multiplicative noise property. In this section, we try
to improve the FFDNet to denoise the remote sensing images first, and then, use the model
proposed in Section 3 for oil spill detection.

4.1. FFDNet-Based SAR Image Denoising

FFDNet is a fast and flexible image noise reduction algorithm based on a deep convolu-
tional neural network, non-local block filter, and fast Fourier transform to achieve efficient
noise reduction [54]. FFDNet is capable of noise reduction for different types of image
noise, including Gaussian noise, impulse noise, and mixed noise. It further improves the
noise reduction effect by introducing residual learning to the CNN and employs a flexible
training strategy, which makes the algorithm more general and applicable. The network
architecture of FFDNet is shown in Figure 4, which mainly includes the downsampling
part, the nonlinear mapping part, and the upsampling part. The core part is the nonlinear
mapping part, which is shown in the middle part of Figure 4. It consists of 15 convolu-
tional layers, and each layer performs three types of operation, namely convolution (Conv),
rectified linear units (ReL.U) [55], and batch normalization (BN) [56,57].

Y

Conv + ReLU Denoised Image

Downsampling > Conv + BN + ReLU

. v

Upsampling

A 4

K=13

Conv + BN + ReLU

v

Conv

v

Figure 4. The network architecture of FFDNet.

The type of noise that can be removed is controlled by the Noise Level Map. The
original version of FFDNet was created to solve the additive noise denoising problem. In
order to give FFDNet the ability to remove coherent speckle noise, we need to convert
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the coherent speckle noise into the form of additive fluctuations. The idea is to convert
multiplicative fluctuations to additive fluctuations via logarithmic transformation of the
original data, while transforming the coherent speckle noise model into a Fisher-Tippett
distribution [58].

Assume that the original data are represented by Y, which consists of reflectance and
the coherent spot component, i.e.,, Y = X x S, where X denotes reflectance and S denotes
the coherent spot component. Upon performing logarithmic transformation of the original
data, i.e., y = log(Y),

y = log(X) +log(S) 7)

Using the properties of logarithmic transformation, multiplicative fluctuations can
be transformed into additive fluctuations. According to the Goodmann model [59], the
coherent speckle noise model can be expressed as a gamma distribution with the following
probability density function:

LyL-1
0 = frigyen >#( %) ©

where I’ is the gamma function, Y is the image intensity, X is the image reflectance, and L
is the number of observations. Following the logarithmic transformation of Equation (7),
Equation (8) can be transformed into the following:

L
py(ylx) = Fﬁmew’f) exp(—LeV*) ©)

where x = log(X), y = log(Y), and p,(y|x) denotes the probability density function
of y given x. According to the definition of Fisher-Tippett distribution [58], when L is
sufficiently large, p, (y|x) can be approximated as having Fisher-Tippett distribution. After
the transformation, the noise has a nonzero mean over the log-transformed data, thus
demonstrating that the variance no longer depends on the expectation, i.e., the fluctuations
change into the form of signal-independent additive fluctuations.

4.2. Denoising Effect

The remote sensing images in the dataset were processed using the above FFDNet-
based denoising method, and improved results were obtained, as shown in Figure 5.
Figure 5a shows the five original images from the Palsar dataset; the first one is the oil film
detail image, the second and the third are the images of large oil spill zones with different
edge conditions, and the fourth and the fifth are the images of oil spill areas with extremely
irregular shapes due to the influence of seawater. Figure 5b shows the denoised images
corresponding to Figure 5a, which demonstrates that image denoising is achieved with
better preservation of the oil spill zone features. Also, based on the analysis of the dataset
in Section 2, it can be found that the method proposed in this section has a suppression
effect on the extensive noise.

However, several examples of poor denoising exist, as shown in Figure 6. In Figure 6a,
the first and second images have extremely contaminated noise, the third and fourth images
are affected by moiré-like noise, and the fifth image suffers from complex noise and moiré-
like noise at low luminance. Figure 6b shows the corresponding denoised images, and
it can be seen that the denoising model does not remove the noise in the original image
cleanly, especially the moiré-like noise, which is made sharper and more obvious after
denoising. Normally, SAR images are not affected by light and darkness and do not have
moiré-like noise with consistent noise levels, so the method described in this section should
have very good results in processing conventional SAR images.
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(a)

(b)
Figure 5. Examples of effective denoising
noised images.

(@)

(b)

Figure 6. Examples of ineffective denoising: (a) original images from the Palsar dataset; (b) de-
noised images.

4.3. Oil Spill Detection Process

The training parameters of the detection model are basically the same as in Section 3
and are not repeated here. The oil spill detection process in this section is shown in Figure 7.
Figure 7 shows the process from the original image to the denoised image to the final
recognition result. Through the denoising process, the noise component in the original
image can be reduced, thus improving the image quality and clarity. This helps to better
understand and analyze the image features and contextual semantics, making the final
detection result more accurate and reliable.
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SAR Image Denoising Oil Spill Detection

in Section 4.1 in Section 3

Original Image

Denoised Image Detection Result

Figure 7. The oil spill detection process.

5. Model Ensemble
5.1. Algorithm Design

Model ensemble [60,61] is a method of combining multiple independently trained
models to improve accuracy, stability, and generalization performance. This research
problem is a binary classification problem where the identification of the oil (positive class)
is more important than the identification of the sea (negative class); therefore, we use the
OR operation to obtain the final result graphs by combining the positive-class results of
multiple models, as shown in Equation (10).

F(x) = U filx) (10)

where f;(x) denotes the positive-class prediction of the ith model for input x, and V denotes
the logical OR operator. The output pixel point of F(x) is positive-class if there exists any
model whose prediction is positive-class, otherwise it is negative-class.

The purpose of using the above approach is to enhance the overall model robustness
by enhancing the identification of positive classes. Of course, there are certain problems
with this approach, that is, it brings in many connected regions with small areas, i.e., fine
noise is accumulated. Therefore, additional treatment is required for fine noise. In this
experiment, we use an efficient method of removing the concatenated domain to achieve
denoising. We perform a 4-neighborhood connected domain calculation on the final binary
graph to obtain the set of all connected domains S. For the ith connected domain S;, it is
processed according to Equation (11).

Ly =0, (x,y) € Siif [Si] < \/@ (11)

where I, denotes the pixel value of the position (x,y) in the binary image, (x,y) € S;
denotes that the position (x,y) belongs to the connected domain S;, Smax denotes the
connected domain containing the maximum number of pixels, and |-| denotes the number
of pixels contained in the specified connected domain. This also means that when the
number of pixels in a connected field is less than the threshold +/|Smax/|, the connected field
is deleted. The threshold is set without the method of manually setting hyperparameters
during conventional SAR image processing, with the aim of making the threshold-setting
process adaptive. This proposed method achieves certain denoising effect regardless of the
balance of positive- and negative-class data in the image.
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5.2. System Implementation

The aforementioned model integration approach allows for a looser form of archi-
tecture in the programming and supporting software development process, which also
enhances the robustness and ease of scalability of the system to some extent. In this project,
we completed the software system for oil spill detection through collaboration among
models, and the information processing flow of this system is shown in Figure 8.

s

N
Call LT [

Databases: File Database & P Detection Model 1# -

Relational Dat :
elational Database P

4. Discover New Request \Call
T - =
5. Return Processed Result : Computing Server III
~— : Detection Model N#
6. Return Response 7 7T .
-—

2. Storage Request

<—1. Send Request—

3. Start Polling —7. Return Result—»

Web Server User

Figure 8. The information processing flow.

The user uploads the remote sensing image that needs to be processed, and the web
server stores the remote sensing image on the file server and stores the user request in
the relational database. The web employs AJAX (Asynchronous JavaScript and XML)
technology [62], a frontend technique enabling asynchronous communication on web
pages, to initiate polling until it finds the processing result of the request in the database
before stopping. The computing server maintains millisecond polling of the relational
database, and when a new request is found, it obtains the remote sensing image on the file
server, calls the deep network model for analysis and calculation, returns the processed
result to the file database after the calculation is completed, and updates the records in the
relational database. The web server finds the updated feedback and invokes the processed
result back to the user. When a new network model is added to the detection task, it can be
directly deployed and completed to join the existing detection system, and only requires
fine-tuning of the integration strategy in the computing server part.

The robustness of this architectural approach is mainly demonstrated by its ability to
continue functioning even when any component in the system experiences an issue, except
for database failures. Scalability is primarily manifested as the capability of adding or
removing deep learning-based detection models as needed, which is a result of the simple
integration method and loosely coupled architecture model. However, the system also
possesses certain limitations, mainly related to the polling mechanism, which increases the
workload on the database and leads to a less than fully real-time response to requests.

6. Experimental Results and Analysis
6.1. Evaluation Metrics

The images in the test set are predicted using the aforementioned models, and the
segmentation masks of each image are connected and compared with the true value labels
to establish the confusion matrix [63], from which the accuracy (A), precision (P), recall (R),
Fl-score (F1), and mean intersection over union (MIoU) are calculated to complete the
evaluation of the detection model [64]. The oil spill area is defined as the positive class,
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while the non-oil spill area (i.e., the ocean) is defined as the negative class. The formulas
for the above evaluation metrics are shown in Equations (12)—(16), respectively.

A= (TP+TN)/(TP+ TN + FP 4 FN) (12)

P =TP/(TP + EP) (13)

R=TP/(TP + FN) (14)

F1 =2PR/(P +R) (15)

Mioll — LoUpysitive + I0UNegative _ TP/(TP +FP +FN) + TN/(TN + FP + FN) (16)

2 2

where TP is the number of true positives, TN is the number of true negatives, FP is the
number of false positives, and FN is the number of false negatives, and they are all elements
of the confusion matrix.

6.2. Experimental Results for the Palsar Dataset

Experimental and quantitative analyses were conducted on the Palsar dataset ac-
cording to the evaluation metrics designed, as described previously. For simplicity, we
abbreviate the models in Sections 3-5 as M1, M2, and M3, respectively, i.e., M1 is the
TransUNet-based Oil Spill Detection Model, M2 is the Oil Spill Detection Model Based on
TransUNet and FFDNet, and M3 is the multi-model ensemble, which is used in the subse-
quent sections of this paper. Experimental validation was conducted, and the confusion
matrices for each model were computed, as shown in Table 2. Based on these matrices
and following the guidelines presented in Section 6.1, model evaluation was performed,
and the results are presented in Table 3. The bold values in both tables represent the best
performance in each evaluation dimension. The inclusion of detailed confusion matrices
aims to provide readers with a better understanding of and means to verify the authenticity
of the experimental results. Overall, M3 achieved the best performance with the best
accuracy (93.58%), recall (97.28%), F1-score (96.18%), and the next best score in the MIoU
metric (79.48%). In terms of MIoU metrics, the performance of M1, M2, and M3 is much
higher than the other three models. Compared with the three selected benchmark remote
sensing semantic segmentation models, the performance of M1 achieved an advantage in all
evaluation metrics, which proves the effectiveness of this research method. M2 was created
on the basis of M1, but its performance does not exceed that of M1, probably because the
denoising model is for coherent speckle noise, and the data set contains complex noise
other than coherent speckle noise. M2 has a greater advantage when it comes to semantic
segmentation tasks for conventional SAR images. M3 is the model integration of M1 and
M2, and obtains the best results not only in several evaluation dimensions but also in TP
identification (as shown in Table 2), which matches the more important requirement of oil
identification in this problem.

Table 2. Confusion matrices for each model on the Palsar dataset.

Model P FN FP N
UNet 40,471,803 1,837,937 2,072,259 6,473,937
SegNet 40,544,155 1,765,585 2,291,311 6,254,885
DeepLabV3+ 40,732,236 1,577,504 2,199,864 6,346,332
TransUNet (Section 3) 40,862,850 1,446,890 1,850,104 6,696,092
FFDNet-TransUNet (Section 4) 39,651,870 2,657,870 1,334,025 7,212,171

Multi-model ensemble (Section 5) 41,158,779 1,150,961 2,115,620 6,430,576
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Table 3. Performance comparison on the Palsar dataset.

Model A P R F1 MlIoU

UNet 92.31% 95.13% 95.66% 95.39% 76.77%
SegNet 92.02% 94.65% 95.83% 95.24% 75.78%
DeepLabV3+ 92.57% 94.88% 96.27% 95.57% 77.10%
TransUNet (Section 3) 93.52% 95.67% 96.58% 96.12% 79.77%

FFDNet-TransUNet (Section 4) 92.15% 96.75% 93.72% 95.21% 77.61%
Multi-model ensemble (Section 5) 93.58% 95.11% 97.28% 96.18% 79.48%

6.3. Experimental Results on the Sentinel Dataset

Experiments and quantitative analyses were performed on the Sentinel dataset using
the same means as the experiments on the Palsar dataset. The confusion matrices for each
model are shown in Table 4, and the experimental results are compared in Table 5. Similar
to the experimental results of the Palsar dataset, good evaluation results were obtained
for M1, M2, and M3. Among the total of six image segmentation models, M1 obtained the
best in accuracy (93.41%) and MIoU (78.06%), and M3 was the best in accuracy (88.97%),
recall (96.79%), and Fl1-score (91.97%). In terms of MIoU metrics, M1, M2, and M3 all
outperformed the benchmark models.

Table 4. Confusion matrices for each model on the Sentinel dataset.

Model TP FN FP TN
UNet 33,115,771 2,777,721 4,147,261 14,943,951
SegNet 32,622,424 3,271,068 3,454,134 15,637,078
DeepLabV3+ 33,987,411 1,906,081 4,338,061 14,753,151
TransUNet (Section 3) 31,812,614 4,080,878 2,245,007 16,846,205
FFDNet-TransUNet (Section 4) 32,566,136 3,327,356 2,930,835 16,160,377

Multi-model ensemble (Section 5) 34,742,854 1,150,638 4,912,519 14,178,693

Table 5. Performance comparison on the Sentinel dataset.

Model A P R F1 MIoU

UNet 87.41% 88.87% 92.26% 90.53% 75.52%

SegNet 87.77% 90.43% 90.89% 90.66% 76.42%
DeepLabV3+ 88.64% 88.68% 94.69% 91.59% 77.37%
TransUNet (Section 3) 88.50% 93.41% 88.63% 90.96% 78.06%

FFDNet-TransUNet (Section 4) 88.62% 91.74% 90.73% 91.23% 77.98%
Multi-model ensemble (Section 5) 88.97% 87.61% 96.79% 91.97% 77.59%

6.4. Experimental Analysis

M1 improves global context-awareness by introducing Transformer, improves the
model’s understanding and utilization of spatial information by introducing positional en-
coding, and has good robustness to transformations such as rotation, scaling, and cropping
of the input image, thus achieving improved performance compared to the benchmark
models. It is experimentally demonstrated that M1 uses a combination of Transformer and
UNet, making it possible to better capture semantic information in images using the global
attention mechanism of Transformer and the local feature extraction capability of UNet.
M2 is an oil spill detection model built on the basis of being an excellent detection model
for SAR images. In this dataset, although optical noise was artificially introduced in the
image enhancement process, the largest source of noise is still coherent speckle noise, so M2
also shows good performance comparable to that of the benchmark models, and achieves
a relative optimum in the precision rate metric. M3 integrates the calculated results of
M1 and M2 using the OR operation, aiming to enhance the true positive values in the
confusion matrix of detection results. The experimental results prove that the detection
effect is further improved.
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The experimental results for each model for the Palsar dataset are better than those
for the Sentinel dataset. The sample sizes of the Palsar and Sentinel datasets are close, but
there is a large difference in the ratio of positive- to negative-class samples, which is 83:17
in the Palsar dataset and 65:35 in the Sentinel dataset. This difference, and the potential
difference in noise, causes a difference in the performance of the same model when dealing
with different datasets. Taking M3 as an example, by analyzing its confusion matrix, it can
be found that the percentage of FP is higher in the Sentinel dataset, accounting for 8.93% of
the total pixel points, much higher than the value of 4.16% obtained when dealing with the
Palsar dataset. The higher percentage of FP is the root cause of the performance difference,
and the reasons for it may be the noise level and the quality of the gt_images.

6.5. Training and Inference Performance

Our experiments show the performance advantage of our proposed models, which is
caused by the larger parameter size and more complex network hierarchy. The training time
for M1 and M2 is much higher than UNet, SegNet, and DeepLabV3+ (roughly 3—4 times
higher). Although more training time is needed, it is still within the allowable range for
now. M3 is essentially a model integration algorithm that does not require training, and the
integration time can be largely ignored. The specific training time of each model is shown
in Table 6.

Table 6. The specific training time of each model.

Model Epoch Time Step Time
UNet 40s 50 ms
SegNet 36s 47 ms
DeepLabV3+ 63s 82 ms
TransUNet (Section 3) 186 s 240 ms
FFDNet-TransUNet (Section 4) 190 s 245 ms

Multi-model ensemble (Section 5) -- --

Starting from the model’s initial loading time and single-image prediction time, we
analyzed the inference performance of each model, and the results are shown in Table 7.
The proposed methods in this paper, due to their more complex network structures and
higher parameter counts, have loading times that are 2.5 to 6.5 times longer than traditional
models, and memory usage is also proportional to this factor. However, since the model
only needs to be loaded once, the associated overhead is acceptable. In terms of single-
image prediction time, our proposed method takes 2.2 to 2.8 times longer than traditional
models, clearly showing that the model sacrifices time for improved performance through
more complex computations. The prediction time of M3 in serial mode is the sum of the
prediction times of all models, while in parallel mode, the minimum prediction time is
determined by the slowest model among all the models. This means that the prediction
time of M3 lies between these two extreme values. In practical applications, the integration
method of M3 is configured based on the available schedulable resources.

Table 7. The inference performance of each model.

Model Initial Loading Time Prediction Time
UNet 1.19s 2.08s
SegNet 1.20s 2.03s
DeepLabV3+ 3.10s 2.58 s
TransUNet (Section 3) 7.33s 5.68 s
FFDNet-TransUNet (Section 4) 790s 574s

Serial mode: 11.42 s

Multi-model ensemble (Section 5) - Parallel mode: 5.74 s
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6.6. Supplementary Explanation

References [26,35] are the original papers proposing the SOS dataset, but there are
possible errors in the experimental results therein. According to Equation (15), the value
of Fl1-score is the harmonic mean of precision (P) and recall (R), and its value should be
between P and R. The following three experimental results in the two aforementioned
original manuscripts clearly violate this rule:

1. In the experimental results of the Sentinel sub-dataset presented in reference [26], the
UNET-based approach achieved an F1 of 86.10, R of 81.22, and P of 85.61.

2. In the experimental results of the Sentinel sub-dataset presented in reference [26], the
DLinkNet-based approach achieved an F1 of 87.08, R of 85.22, and P of 85.22.

3. Inthe experimental results of the Palsar sub-dataset presented in reference [35], the
UNET-based approach obtained an F1 of 96.36, R of 95.4, and P of 95.35.

In the three examples above, the values of the F1 are greater than both P and R, which
defies common sense, and in the second example, P and R are exactly equal, which is also
extremely rare. In addition to the obvious errors mentioned above, there are a number of
other experimental results in the two papers where the F1 is clearly biased in favor of either
P or R, which is also worth discussing and questioning. This experimental result is not
worth faking, and the probability is that there is an error in the model evaluation algorithm.
In summary, the experimental results in references [26,35] have more contradictions, and
thus, cannot be used as a reference or benchmark for research in this field. The original
intention of this paper is to provide a more reliable benchmark for related research. To
facilitate the verification of the authenticity of the experimental data, Tables 2 and 4 in
this manuscript display the raw confusion matrix data. Subsequent research can use the
experimental results in this article as a reference.

7. Discussion and Conclusions

The SOS dataset is a very creative dataset in oil spill detection, containing the Gulf of
Mexico oil spill area and the Persian Gulf oil spill area, acquired from ALOS and Sentinel-
1A satellites, respectively, and is a pixel-level dataset of oil spills and non-oil spills. The
artificial inclusion of diverse noise in this dataset makes the detection task much more
difficult. This dataset provides research ideas and necessary datasets for studies related to
marine oil spill detection from low-quality SAR remote sensing images. The label quality
of this dataset currently has some problems, and we will further refine and improve it.
The source code and the improved SOS dataset will be available at https://github.com/
dongxr2/MOSD_LSAR (accessed on 27 July 2023). In the future, we will also attempt to
utilize model compression techniques [65,66] to reduce resource consumption in practical
applications, promote the engineering application of achievements, and incorporate more
datasets and detection algorithms to improve this research direction.

In order to solve the problem of marine oil spill detection with low-quality SAR
remote sensing images, we propose a TransUNet-based o0il spill detection model in this
paper, which combines Transformer and UNet to better capture the semantic information
in images by using the global attention mechanism of Transformer and the local feature
extraction capability of UNet. We modified FFDNet to have the ability to denoise SAR
images and combined the denoising model with the TransUNet-based model to become
an oil spill detection model capable of targeting those SAR images with no artificially
added noise interference. The model was developed to match realistic applications of SAR
image-based oil spill detection, but it is also tolerant to optical noise and has slightly higher
performance than common remote sensing semantic segmentation models such as UNet
and SegNet.

In order to match the need for positive classes to be much more important than
negative classes, we propose a model integration approach that integrates the two afore-
mentioned models to collaborate on the detection task. At the same time, we propose
a simple and easy way to deal with the subtle noise introduced during the integration
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process, and give a feasible, highly robust, and easily scalable system design method for
system implementation.

In summary, this paper gives a multi-faceted solution for oil spill detection based on
the SOS dataset, and the three proposed models all have better detection performance
compared to conventional semantic segmentation models. For the experimental part, we
give the performance of each model and its database. The experimental results in ref-
erences [26,35] have more contradictions and cannot serve as a reference or comparison
for related studies. The experimental methods and performance details in this paper can
provide a reference for related studies. The Transformer block, coherent spot denoising al-
gorithm, multi-model ensemble, and other methods introduced in this paper can effectively
improve the performance of image segmentation, and provide new ideas and directions
for research related to marine oil spill detection based on deep learning, and the proposed
research results of remote sensing semantic segmentation can be combined with related
theories and technologies to explore more effective solutions for marine oil spill detection.
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