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Abstract— Large tankers, ships, and pipeline cracks that
spew oil onto sea surfaces wreak havoc on the maritime
environment. Target scenarios, such as sea and land surfaces,
ships, oil spills, and lookalikes, are roughly represented by
synthetic aperture radar (SAR) photographs. To assist in leak
cleanups and safeguard the environment, oil spills from SAR
pictures must be identified and segmented. This research
introduces a deep-learning system that uses the U-Net semantic
segmentation technique to detect oil spills. With the use of a
Densnet201 model that was previously trained on the Imagnet
dataset, the encoder portion of Unet was substituted. The
Decoder component, in contrast, uses a U-Net framework. Five
groups of the dataset are classified using 256256 spatial
dimensions and their corresponding annotations. The U-net
with the DenseNet201 backbone presented slightly better results
(96% accuracy, 79% precision, 80% recall, 80% F-score, and
69% 1IoU). Moreover, The results of this study are very
promising and provide a comparable improved IoU compared
to related works.

Keywords—Oil Spill Detection, Artificial Intelligence, Deep
Learning, SAR image, Unet Segmentation.

I. INTRODUCTION

An oil spill appears when a liquid petroleum
hydrocarbon spills into the environment due to human
activities. Oil spills in the maritime environment are more
destructive and hazardous than those on flat ground, which is
a part of the world's largest issue. They may quickly distribute
over hundreds of kilometers, forming a thin oil crust that can
blanket coastlines [1]. Therefore, the problem’s early
detection is necessary in order to avoid serious problems [2].
Improve oil spill detection monitoring systems, observations
have been taken around the world using various types of
techniques, one of them is Deep Learning (DL).

DL is a subfield of Machine Learning (ML) that can yield
exceptional performance. These approaches are more suited
for handling massive volumes of data than typical ML
techniques. Furthermore, it can automatically learn feature
representations from raw data and then produce findings.
Moreover, it is reliable and practical [3].

In the last years man yresearchers have developed DL
models for Classification [4] and Segmentation [5] and other
tasks. On the other side, despite several studies interested in
the oil spill issues (see [6] [7] [8] [9] [10]). However, some
of them trained the model on a small dataset and other studies
fixed the backbone type and the two point effect on the
enhancement of accuracy. Hopefully, this work enhances the
prediction result by deploying DenseNet201 with Unet and
improves the IoU metric because it prefers this metric in the
segmentation model. In addition, suggest various
preprocessing datasets. Over and above that answer the
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questions. How do preprocess the SAR dataset to reduce

training of run time? What is the best pre-trained model to

deploy with the SAR dataset? Is Unet the better segmentation

model? Why? According to that, the present research has

three contributions:

i. Implement pre-processing steps various from

related work in the area

ii. Compare state-of-the-art deep learning models for
this task, and

iii. Develop a model using SAR images to identify
more susceptible regions, 1112 images from 2015
to 2017.

The remainder of this paper is organized as follows.
Section 2 provides a background about the Unet, Desnet201
and the related. in Section 3. The explain propose model.
After that evaluate propose model in Section 4. results are
discussed in Section 5. Finally, the conclusion and summary
are presented in Section 6.

II. BACKGROUND AND RELATED WORK

This section will focus on the famous model deployed to
detect objects. According to DL classification [11].
Convolutional Neural Networks (CNN) consider the famous
model in supervised groups.

A. Dense Convolutional Network (DenseNet201)

There is Vanilla CNNs are usually applied as the backbone
which handles encoding and downsampling on their own,
including VGG, ResNet, EfficientNet, etc,. To create the final
Unet, these networks are extracted and their replicas are
constructed to execute decoding and upsampling [11-12].

A backbone network is typically employed to extract
fundamental features for object detection, and it is typically
originally created for image classification and pre-trained on
the ImageNet dataset [13]. The Dense Convolutional
Network is the main topic of the current study
(DenseNet201).

Each layer is immediately connected to the others in a feed-
forward manner using the architecture known as
DenseNet201. The network has so learned in-depth feature
representations for a range of image kinds [14]. It is utilized
with semanteic segmentation, as previously described.

B. U-Net Semantic Segmentation Technique

a crucial element in many systems for visual
comprehension. Numerous applications, such as medical
image, all heavily rely on segmentation [15]. is employed to
comprehend spatial texture, geometric shape, as well as color
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and gray connection aspects. Additionally, segmented
semantic objects can be obtained, and related feature
extraction is possible. The goal of image segmentation is to
identify the target and extract the characteristics of interest
regions [16].

According to [17],
segmentation:

¢ Fully Convolutional Network.

e Mask R-CNN (region-based convolutional neural

network).

¢ Encoder-Decoder-Baseded Models.

e DeepLab.

Unet, which has an expanding path on the left and a
contracted path on the right, is one of the encoder-decoder
based models [18]. The contracting path follows the
convolutional network architecture conventions. The
dimensions of the pixel-wise mask created by semantic
segmentation models match those of the input image. Most
architectures contain contraction and expansion routes, also
referred to as encoder and decoder. The encoder's task is to
downscale the spatial image dimensions while extracting
pertinent characteristics. In order to compare the output
categories to the input classifications accurately and
similarly, the decoder recovers the image dimensions. Even
though the concept is the same across all models, certain
quirks may produce superior outcomes depending on the
application [19].

C. Realeted Works

There are numerous models to detect oil spills we
collected them in a survey paper (see Ref. [20], under
publication) that describes the classification of modern
methods for detecting oil spills in the time period (2018-
2021). It also explains the use of machine learning, artificial
neural networks, and deep learning approaches to address the
problem.. But the closest studies to this work are described in
detail below and outlined in Table 1.

Deep Convolutional Neural Networks for semantic
segmentation were proposed by Krestenitis et al. [6].
(DCNNSs). The authors presented a dataset of SAR images
that the European Maritime Safety Agency had collected
(EMSA). The Model's foundation was fixed, and the best
outcomes were obtained when DeepLabV3 was used in
conjunction with MobileNetv2. They displayed IoU levels
of 65.06 percent.

Moura et al[8] .'s comparison of four backbone.
Table 1. A Summary of Related Works

there are several models for

Study Type
Ref. Area/ of Model Backbone
Dataset Image
Europea UNet- LinkNet ResNet101
.. n -PSPNet -
Krestenitis Maritime DeepLaby2 - Except
et al. SAR N DeepLabv3+
Safety DeepLabv2
(2019) Agency (msc) - used
(EMSA) DeepLaby3+ | MobileNetV2
ResNet-101,
Unet — ResNet-50,
Mouraet | g i SAR DeepLabv3+ - Efficient-net-
al. (2022) LinkNet BO, and
Efficient-net-
B3

III. PROPOSEL MODEL

After explaining a brief history of the oil spill problem
and indicating the model. Now, it is important to show the
significance of our work. Figure 1 shows Macro view of the
proposed model.

Dataset °
-
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Augmentation 3
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>
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Figure 1. Macro View of the Proposed Model

As shown in the aforementioned figures, Starting with the
input of a SAR image dataset, the oil spill location or look-
alike detection system is activated. The dataset is split into
training data and test data groups. Prior to being sent to the
model, all data are pre-processed utilizing resize and
enhanced on data. In this paper, a deep learning system for
detecting oil spills is introduced. The pre-train model
(transform learning) of Densnet201, which was previously
trained on the Image dataset, replaces the encoder portion of
Unet. In contrast, the Decoder component uses U-Net
structure to conduct semantic segmentation. A TF file is the
end product of the model creation. By examining the best
training loss, training IoU, and test loss, the former model is
assessed.

While the micro view of the proposed model can be
illustrated in Figure 2.
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Figure 2. Micro View of the Proposed Model
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A. Pre-processing Stage

1)  Resize image

The dataset images size 1250 x 750 that size not
compatible with the target model size. So, resizing an image
is one of the important preprocessing steps. In this model, the
images resize to be 256x256.

2) One Hot Encoding

One popular encoding technique entails converting
categorical data into a format that can be supplied to DL
algorithms to aid in their prediction performance. One Hot
Coding is the most well-liked coding method [21]. There are
five classes in this study that describe how the original values
are represented as one hot encoded vector when there are five
distinct targets (See Table 2).

Table 2. One Hot Encoder for Five Classes
Before One Hot Encoding After One Hot Encoding

0 [1,0,0,0,0]
1 [0, 1,0,0,0]
2 [0,0,1,0,0]
3 [0,0,0,1,0]
4 [0,0,0,0,1]

3) Data Augmentation

The ImageDataGenerator class from the Keras package,
which greatly simplifies the use of geometric augmentations,
is used in this study's data augmentation [22]. The generator
or augmentation used in this study only applies to the dataset
train and rotates images randomly to the left or right while
also using random saturation, random brightness, and clip by
value to maintain the image's [0, 1] range. Following the
completion of the preprocessing stage, the model has two
stages.

B. Deep Learning Model Stage

The pixel-wise mask produced by semantic segmentation
models has the same dimensions as the input image.
Contraction and expansion routes, commonly referred to as
the encoder and decoder, are found in the majority of
architecture. The encoder's job is to downscale the spatial
image dimensions while extracting important characteristics.
In order to compare the output categories of the input
classifications accurately and similarly, the decoder recovers
the image dimensions. The architecture was taken into
consideration in this study: U-net.

There are several parallels between the U-net and LinkNet.
In contrast to the U-net, the LinkNet concatenates the encoder
and decoder rather than adding them together. Recently, the
field of computer vision has paid a lot of attention to the
improved CNN development. Additionally, we contrasted the
DenseNet201 encoders, which produced distinctive pairings.
The DenseNet201, one of the most well-known CNNs,
popularized the concept of residual learning and avoided
problems like vanishing gradients. Combining architecture
with backbones is a pretty straightforward operation because
the backbones serve as the encoder section of the architecture.
The segmentation models tensor flow, which are very high-
level and make it easy to test and contrast different settings,
were used to generate the models.
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1) Pre-train DenseNet2(01

The first part is a feed-forward connection between each
layer in a DenseNet201 design. DenseNet201 has the
advantages of being light on the gradient problem, allowing
feature reuse, feature deployment, and its functionality
minimizes the amount of parameters. The input image size
for the network is 224x224. It is content four Dencse block.
At each Dense block we have a repetition of:
1x1 conv with $4\cdot k$ filters
3x3 conv with & filters blocks.

Each "conv" layer corresponds to the order BN-ReLU-
Conv as written. Each block's input, which takes the form of
a matrix corresponding to the picture pixel, will then be
passed to the batch normalization stage, Three transition
layers, each with a "conv" and average pool, are also present
[23].

2) Unet Segmentation

Unet is the second component. It consists of an expansive
path (right side), which is represented by DenseNet201, and
a contracting path (left side) (right side). Each 64-component
feature vector is mapped to the chosen number of classes in
the final layer using a 1x1 convolution [19].

IV. DATASET AND PERFORMANCE MODEL

A. Dataset

The Synthetic Apertuusssdar Dataset (SAR) was used in
this investigation [24]. 1112 photos total, divided into five
categories (sea, oil spill, look-alike, hip, and land). Figure 3
displays a sample SAR dataset.

(a) Synthetic aperture radar (SAR) image.

(b} Ground truth mask.
Figure 3. Orginal SAR Image with Mask

Red, Green, and Blue (RGB) color images are used
exclusively in this study's images. In the pre-processing
stage, the 1250 x 650 original image is downsized to a
resolution of 256x256. Resizing is then done to change the
amount of processing being done using the DenseNet201
model. With a suitable representation of the model's format,
this study wused the preprocess input function of
DenseNet201-ResNet101-efficientnetb3). 90% of the dataset
is used for training, while 10% is used for testing, as shown
in Tabel 3 below.

Tabel 3. Dataset Divided

Set Number of Images Percentage(%)
Train 1002 90%
Test 110 10%

B. Performance Evaluation Metrics

Numerous evaluation measures are provided to measure
the efficiency of various segmentation models. An image
segmentation model produces a prediction after training. It is
necessary in order to evaluate the model in order to determine
its performance. The following are the evaluation measures
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that are widely employed by the literature see the Ref. [17]
for image segmentation tasks.
» Intersection over Union (IoU)

IoU calculates the performance using the intersection and
union between the Prediction and Ground Truth values. IoU
falls between 0-1 (0-100%), where 0 signifies no overlap and
1 signifies perfectly overlapping segmentation. The
following is the equation for defining IoU.

IoU = Area of Overlap / Area of Union ............. (N
» Pixel Accuracy

Pixel accuracy takes the ratio of correctly classified
pixels with respect to total pixels. The following is the
equation for defining pixel accuracy.

Accuracy = (TP+TN) / (TP+TN+FP+FN) ............. 2)
» Precision

Precision is the ratio between True Positives and all the
Positives. The following is the equation for defining
precision.

Precision = TP/(TP + FP) ............. 3)
» Recall
Recall defines as a measure that correctly identifies True
Positives. The following is the equation for defining recall.
Recall=TP /(TP +EN) ............... @)
» FI Score

The F1 score is the weighted average of Precision and
Recall. When the dataset's class distribution was uneven, it
was helpful. Here is the formula for calculating the F1-Score.
F1 = 2* ((Precision * Recall)/(Precision + Recall)) ...... &)

V. RESULT AND DISCUSSION

In this study, tests make use of a 256x256x3 picture. Red,
Green, and Blue are the three colors that make up the number
"3". This approach transforms learning using CNN models,
specifically DenseNet201. Five classes and the anticipated
mask are detected using the Unet model. To examine the IoU
and accuracy performances, we adjusted the parameter epoch
50. At this training stage, we save a model with a lower
training loss value than the prior epoch.

This study used batch sizes of 12 and Adam optimizers.
The validation outcomes for training data using DenseNet201
as the foundation of the Unet model are shown in Table 4 and
Figure 5 below.

Tabel 4. Validation Proposel Model

IoU 0.6997 0.6654 0.6757 0.5853 0.6845 0.5868
Epoch 50 50 50 50 50 50
paich 12 12 12 12 12 12

size

Loss 0.2039 0.248 0.257 0.3397 0.233 0.3632

Executi

on "fme 0:15:57.7 | 0:15:24. | 0:18:59.18 | 0:14:36.9 | 0:20:39.88 | 0:15:25.
ot 20 sec 730 sec 4 sec 53 sec 7 sec 870 sec

Trainin
g

Executi

on Time 1s 133 1s 138 1s 127 1s 129 15 130 1s 137
of ms/step ms/step ms/step ms/step ms/step ms/step

Testing

According to the above table, we note that the best results
were achieved through implement Densenet 201 with Unet.

Synthetic Aperture Radar (SAR)

Ty

Ground truth mask

Predicted mask

Figure 5. Five examples of the original 256x256 image with the

ground truth and the predictions from the best (U-net architecture
Model Unet Unet Unet Linknet Linknet Linknet with DenseNetZOl)_
Backbo DenseNet Resnet1 Efficientn DenseNet Efficientn Resnet1 After valudation Step the proposed model result compare
ne 201 o1 ctb3 201 eth3 01 . . .
with previous study in same area to evaluate the model as
—_— show in Table 5.
Paramet | 26379157 | O “’2"04 17868413 | 22549973 | 13761565 478§831 ]
ers Tabel 5. Evaluation proposel model
Acourac Proposed Krestenitis et Moura et al.
" 0.9653 0.9644 0.9638 0.9658 0.9657 0.9575 Model al. (2019) (2022)
B Model Unet DeepLapV3+ Unet
14 'eﬁ‘s“’ 0.7961 0.8002 0.7872 0.6823 0.791 0.6414
Backbone DenseNet201 | MobileNetV2 efficientnetb3
Recall 0.8001 0.7401 0.7647 0.6377 0.7698 0.6924 Number of 26379157 51606046 12565417
Parameters
Accuracy 0.9653 -- 0.98
F-score 0.8032 0.7657 0.7822 0.6547 0.7885 0.6728
Precision 0.7961 - 0.75
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Recall 0.8001 -- 0.78

F-Score 0.8032 -- 0.76

10U 0.6997 65.06 0.62
Epoch 50 50 37
Batch Size 12 12 12

As show in table above the proposed model record the highest
IoU When compared with related work.
VI. CONCLUSION

This research focuses on improving the IoU of oil spill
detection systems or not. Previous research using the Resnet,
MobileNet various version and model resulted in less than
65% IoU. In this study at first pre-process dataset in three
stage (resize image, Data augmentation and apply one hot
encoder on there mask) after that used the DenseNet201
model as encoder part and Unet represented the decoder part.
The result showed that the detection system produces an loU
value of 69.%. In future work, we will focus on oil spill
detection by training the model with real-time oil spill spots
and deploying the model in multi-node instate of single to
reduce execution time.
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